This study proposes a parameter-calibration method (SA_GA) for the conceptual rainfall-runoff model using a real-value coding genetic algorithm (GA) which takes into account runoff estimation sensitivity to model parameters; this process is carried out using the standardized regression runoff with the calibrated optimal parameters by SA_GA and SGA with the different number of calibration rainstorm events, SA_GA can provide efficient and robust optimal parameters. These parameters not only estimate reliable and accurate runoff, but also capture the varying trends of discharge in time.
INTRODUCTION
Conceptual rainfall-runoff models have extensive parameters that are not directly measurable and must be estimated through model calibration by fitting the estimated outputs of the model to the observed data (Abdulla & ALBadranih ) . The genetic algorithm (GA) has been successful in the contexts of searching, optimization and teaching (Goldberg ) and can also be applied to the parameter calibration of conceptual rainfall-runoff models Siriwardene & Perera ). The simple GA (SGA) consists of four steps: fitness, reproduction, crossover and mutation steps. These steps allow for flexibility, but make it difficult to obtain the optimal model parameters. Additionally, they require more computation time in a complicated system associated with a number of parameters. Numerous investigations are proposed to modify GA in order to fast yield a more accurate optimum solution. For example, Krishnakumar () proposed a micro-genetic algorithm (μMA) , which begins with a small population (generally 5-50), and concluded that as compared with the simple GA, the microgenetic algorithm is suitable for the parameter calibration of a complex rainfall-runoff model. Wang (, ) developed a GA which, combined with a standard local search method, can provide an efficient and robust method for calibrating conceptual rainfall-runoff models using hypothetical examples and real data. Franchini () unitized the sequential quadratic programming to calibrate parameters of conceptual rainfall-runoff models with the starting points of parameters resulting from the optimal parameters obtained by Wang's GA. Franchini and co-workers (, ) compared the pattern search (PS) method with GA by using an 11-parameter conceptual rainfall-runoff model, a distributed model (ADM), and concluded that PS elicits a slightly superior performance to GA. Furthermore, they proposed a modified GA integrated with the Sequential Quadratic Programming (SQP), named GA-SQP, and compared it with the PS-SQP, which is the PS combined with SQP, as well as the shuffled complex evolution (SCE-UA) using theoretical and real-world cases. Their results indicated that the SCE-UA is better than GA-SQP and PS-SQP in the theoretical cases; however, in practical applications, the associated optimal model parameters are limited by the boundary of their own range. Notably, Ndiritu & Daniell () calibrated conceptual rainfall-runoff by using a modified traditional binary-code with three strategies pertaining to automatic search space, the fine-turning, hill climbing and independent subpopulation search shuffling. As compared with the shuffled complex evolution (SCE-UA), the improved GA elicited more efficient results. Siriwardene & Perera () performed a sensitivity analysis for GA operators, i.e. the population size, number of generations and number of model parameters, and summarized that the adaptive selection of GA operations is strongly helpful to calibrate the parameters of urban drainage models associated with extensive parameters. Work has also been undertaken in the context of calibrating the model parameters using the minimum population size (e.g. 
METHODOLOGY Genetic algorithm integrated with sensitivity analysis

Basic concept
Genetic algorithm (GA) is a widely used stochastic search method originally developed by Holland (), and it is more flexible than most other search methods, which require only information concerning the quality of the solution produced by each parameter set. The simple GA (SGA) is composed of four operations: (1) parameter representation: encodes the model parameters or finds specific magnitudes to represent the model parameter values; (2) selection and reproduction: selects the fittest individual chromosomes, which are a series of genes, to be recombined in order to produce better off-chromosomes.
Here, a probabilistic mechanism (e.g. a roulette wheel) is used to allocate greater survival to the best individuals; (3) crossover: recombines (exchanges) genes from randomly selected pairs of individuals with a certain ratio and (4) mutation: randomly changes genes in the chromosomes with a certain (small) ratio. These steps aim at keeping the population diverse and take preventative measures against premature convergence onto a local optimum.
As SGA arbitrarily selects the genes in the crossover and mutation operators, it may take a large number of repetitions to achieve the optimal values of model 
Sensitivity analysis for model parameters
As most parameters of conceptual rainfall-runoff models with the larger fitness value has a higher probability of being used in the crossover and mutation.
In general, the optimal parameters of a rainfall-runoff model can be determined based on the objective function.
The objective functions for the parameter calibration of hydrologic models can be based on four criteria: (1) a good agreement between the average simulated and observed catchment runoff volumes; (2) a good overall agreement of the shape of the hydrographs; (3) a good agreement of the peak flow with respect to time and volumes; and (4) a good agreement for low flows (Madsen ). Based on the above four criteria, the objective function F obj , the weighted mean square error, is widely used in the parameter calibration of hydrological models as:
where n f is the runoff duration; q obs,t and q est,t (θ) are the observed and estimated discharge at time t using model parameter θ; and q obs is the mean of observed runoff volume. The less objective function value indicates that the estimated runoff fits better to observed data. That is, the fitness value of estimated runoff increases. As a result, the fitness value f(θ i ) is negatively related to the objective function value F obj (θ i ):
In general, GA selects chromosomes in which the associated genes are used in the crossover and mutation using various selection schemes, e.g. the roulette wheel selection, proportionate selection (Goldberg ) or linear ranking and tournament selection (Siriwardene & Perera ). As Goldberg & Deb () indicated that no one selection scheme is superior to the other schemes, this study proposes an alternative scheme, i.e. the multinomial trial process with the probability of selecting the chromosome P chrom (θ i ) based on the fitness value as follows:
where n chrom denotes the number of chromosomes, i.e. population size. Referring to Equation (5), as the chromosome has a larger P chrom , the associated genes have a higher chance of being used in the crossover and mutation. Notably, a multinomial trial process is a sequence of independent, identically distributed random variables X ¼ (X 1 , X 2 ,…,
The sequence X is formed by sampling from the common probability density function of the trial variables.
Crossover and mutation
In SGA, the genes used in the crossover and mutation are randomly determined in the selected chromosomes, which probably increases the computation time and obtains inadequate optimal parameters. The above-mentioned standardized regression equation indicates that the variables with the larger absolute regression coefficients might contribute to more effect on model outputs. Hence, this study calculates the probability of extracting genes used in the crossover and mutation according to the coefficients of a standardized regression equation:
in which β i is the regression coefficient of the ith model parameter and n par is the number of model parameters. As the gene in a chromosome selected for the crossover and mutation has a large P gene , it has a high likelihood of being exchanged in the crossover or being reproduced in the mutation.
In summary, this study proposes a standardized-valuebased SA_GA method, which primarily adopts the multinomial trial process to select the chromosome and associated genes used in the crossover and mutation. In 
Model framework
Based on the concept of the proposed SA_GA method above, the procedure of calibrating model parameters using SA_GA is introduced below:
Step[1]: Ensure the statistics of sensitive model parameters, i.e. mean and standard deviation.
Step [2] : Identify the sensitive model parameters using the standardized regression equation.
Step 
Step [4] : Import the generated sensitive model parameters into the rainfall-runoff model to calculate objective function values using Equation (3).
Step [5] : Check to see if the minimum of the objective function is less than the criterion. If so, the optimal model parameters can be obtained. Otherwise, continue with the following steps.
Step [6] : Calculate the probability of selecting chromosomes P chrom using Equation (5) to select the chromosomes, in which associated genes would be used in the crossover and mutation through the multinomial trial process.
Step [7] : Calculate the probability of extracting genes P gene using Equation (6) to identify genes in the chromosomes selected at Step [6] for the crossover and mutation through the multinomial trial process.
Step [8] : Perform the crossover and mutation for genes extracted at
Step [7] to yield new chromosomes. Then, the resulting standardized valuesθ i ¼ẑ θ i × s θ i þ θ i are transformed into the real valuesẑ θ i . Return to Step [4] .
Note that in GA, the criteria should be given in advance to stop the GA operators and find the optimal solution. Generally speaking, the criterion is defined as a specific value of the objective function, i.e. the minimum value.
However, in the case of the criterion being extremely small, it is difficult to stop the GA operators and find the optimum. In addition to the criterion with respect to the objective function, this study also adopts a criterion for the number of generations of genes. That is, in cases where the objective function values are significantly greater than the criterion, the number of generating genes exceeds the limitation so that the genes with the smallest objective function value are regarded as the optimum in this study. Table 1 , and a runoff function. The runoff function is a distribution of runoff in time. The triangle runoff function, of which the peak occurs at the middle of the period, is adopted in this study. In summary, the runoff function has two parameters: duration and peak ratio. As a result, the SAC-SMA model belongs to a 19-parameter conceptual rainfall-runoff model.
Sensitivity analysis for SAC-SMA parameters
The sensitivity analysis for evaluating the effect of par- (), this study refers to the above-mentioned allowance Table 2 . Figure 3 presents the resulting runoff hydrograph and the associated peak discharge that could be obtained for a watershed, in which the corresponding area is assumed as 1 km 2 . Figure 4 shows the coefficients of the SAC-SMA parameters. As shown in Figure 4 , ten parameters, PCITEM, ADIMP, UZTWM, UZFWM, UZK, ZPERC, REXP, LZTWM, DF_L and DF_P, show more influence on the runoff characteristics than the remaining parameters due to the significantly larger absolute coefficients. For the peak discharge, DF_L has the greatest absolute value of the coefficient (0.33) and the LZPK has the smallest absolute coefficient (0.00759). Additionally, the negative coefficients of UZTWM, LZTWM and DF_F imply that the peak discharge would decrease with an increase in the above parameters. In summary, ten parameters would significantly contribute to the uncertainty of estimated runoff characteristics, and they are defined as sensitive model parameters in this study. Therefore, in the SAC-SMA model, the above-mentioned ten sensitive parameters should be calibrated and the remaining parameters could be adopted as the mean values as shown in Table 2 .
Note that Q p denotes the peak discharge and T p stands for the time to the peak. V, V u and V d are the entire runoff volume and runoff volume at the rising as well as the recession limbs.
MODEL VALIDATION
This study primarily develops a standardized-value-based GA (SA_GA) method to effectively calibrate the associated optimal sensitivity by integrating the genetic algorithm and sensitivity analysis for model parameters. As compared with SGA, in which the genes for the crossover and mutation are randomly selected, SA_GA extracts the genes by means of the multinomial trial process with a selection probability P gene calculated by Equation ( this study also estimates runoff using the optimal SAC-SMA parameters calibrated by SA_GA and SGA, respectively. This study primarily focuses on the accuracy of runoff in time and scale. This is such that three performance indices for the measurement of temporal varying trend and total volume of runoff as well as the peak discharge, which are commonly used in the evaluation of rainfall-runoff models, are summarized below:
where q obs represents the mean of observed discharge. If CE approaches one, this means that the estimated runoff model is a good fit with the observed value.
Error of peak discharge (EQP)
EQP ¼ (q p,est À q p,obs ) q p,obs × 100% (8) in which q p,est and q p,obs are the estimated and observed peak discharge, respectively. Note that EQP is probably a negative value, which means that the estimated value is less than the observed one.
3. Root mean square error (RMSE)
in which q obs (t) and q est (t) are estimated and observed discharge at time t, respectively.
Study area and data
In this study, the Chu-Kou sub-basin in Baj-Hang River watershed in Taiwan (see Figure 5 ) is applied to the model development and validation. Table 3 lists the geometrical information of associated rainfall and water level gauge in the Baj-Hang River watershed. For the model validation, observed hourly rainstorm events are selected according to two rules: one is that the runoff coefficient, which is the runoff volume divided by the rainfall amount, is less than or equal to one, and the other is that the peak discharge is significantly greater than other events in the same year. Based on the above rule, Table 4 Sensitivity analysis for SAC-SMA parameters
Effect of GA operators
As the proposed SA_GA method calculates the probability of extracting genes used in the crossover and mutation related to the sensitivity of model parameters, which significantly differ from SGA, SA_GA and SGA should be compared according to the fitness values associated with the optimum under various GA operators, i.e. the generation number, population size, crossover and mutation ratios. In this study, the average fitness values for the ten best chromosomes (i.e. optimal parameters) are adopted in the model validation. Note the statistics (the mean and standard deviation) of SAC-SMA parameters as shown in Table 2 are adopted in the model validation. Figure 6 , as the number of generation increases from 10 to 50, the average fitness value quickly rises. However, for the number of generation exceeding 50, the average fitness value gradually increases. It can be said that a generation of 50 is suitable for the proposed SA_GA method, which is also regarded as the criterion for number of generating genes. 
Number of generation
Mutation ratio
As mentioned previously, this section evaluates the effect of mutation ratio on the fitness value with a generation number of 50, population size of 50 and crossover ratio of 0.05. Figure 9 shows the change in the average fitness values calculated by SA_GA and SGA under various mutation ratios, including 0.01, 0.02,…, 0.1. In Figure 9 , similar to the results from the crossover ratio mentioned above, the average fitness also oscillates between 0.13 and 0.135 (on average Specifically, the proposed SA_GA method can provide the optimal parameters that can produce runoff associated with a better fitness to the observed data than those by SGA under various GA operators. Also, the GA operators,
i.e. a generation number of 50, population size of 50, and crossover and mutation ratios of 0.5 and 0.05, are suggested to be adopted in the proposed SA_GA model.
Effect of number of rainstorm events calibrated
Basic concept
The results mentioned previously focus on comparison between SA_GA and SGA in the parameter calibration of SAC-SMA model in which the fitness values associated with optimal parameters are calculated for varying GA operators. This section primarily compares SA_GA and SGA in the estimation of runoff using the optimal SAC-SMA parameters calibrated using different numbers of rainstorm events, which are defined as calibration events. In detail, this study estimates runoff using the optimal SAC-SMA parameters calibrated by SA_GA and SGA, respectively. This is performed with various numbers of calibration events and calculates the corresponding performance indices for the comparison of SA_GA and SGA in the estimation of runoff. As seven rainstorm events recorded in the study area of the Baj-Hang River (see Table 4 ) are adopted, the number of calibration events considered is 1, 2, 3, 4, 5 and 6 events. In other words, the corresponding 6, 5, 4, 3, 2 and 1 rainstorm events, which are defined as the validation events, should be used in the estimation of runoff and calculation of performance indices. Figure 10 shows the average performance indices for estimated runoff of validation events using the SAC-SMA model with optimal parameters calibrated by SA_GA and SGA using various number of calibration events. As shown in Figure 10 (a), it is observed that the efficiency of coefficient (CE) increases from approximately 0.5 to 0.6 in relation to the number of calibration events. As CE measures the fitness of estimated runoff to the observed data, the calibrated optimal parameters using more calibration events can produce runoff, which better fits to the varying trend of runoff in time. In addition, the average CE of estimated runoff with optimal parameters calibrated by SA_GA is greater than SGA with different numbers of calibration events (except for 1 and 2 calibration events).
Comparison of performance indices
It can be said that the proposed SA_GA method can provide the optimal parameters that have a higher likelihood of capturing the temporal behaviour of runoff.
The error of peak discharge (EQP) of estimated runoff is shown in Figure 10 (b). The average EQP is negatively proportional to the number of calibration events.
Furthermore, the average EQP for SA_GA decreases from about 18 to 5% with the increase of calibration events, whereas the average EQP for SGA decreases from approximately 18 to 10%. That is, the EQP values of estimated runoff with the calibrated optimal parameters by SA_GA are less than those by SGA. This implies that the calibrated optimal parameters by SA_GA can estimate the peak discharge in such a way that the corresponding accuracy and reliability is influenced less by the number of calibration events with SGA. In addition to the performance indices CE and EQP, this study compares SA_GA with SGA using the RMSE of estimated runoff. Figure 10( Specifically, the proposed SA_GA method can be applied in the estimation of runoff by means of providing the optimal parameters of the conceptual rainfall-runoff model. This system can capture the change in runoff with respect to time and more accurately estimate runoff, especially for the peak discharge.
CONCLUSIONS
This study proposes a parameter-calibration method (SA_GA) for the conceptual rainfall-runoff model based on the GA by taking into account runoff estimation sensitivity to model parameters carried out by the standardized regression equation.
As compared with the simple genetic algorithm (SGA), the proposed SA_GA method adopts the multinomial trial process with a probability of gene calculated from the sensitivity to model parameters (see Equation (6) the number of generation, population size and crossover and mutation ratios, the proposed SA_GA method can provide the optimal parameters that are associated with better fitness to the observed data than SGA. Moreover, as compared with SGA in the estimation of runoff with optimal parameters using various numbers of calibration events, the proposed SA_GA method can provide the optimal parameters that can capture the change in runoff, especially for the peak discharge. 
